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Abstract

We introducea novel datastructure calledDifferential Time-HistogramTable (DTHT) for visualizationof time-
varyingscalardata.Thisdatastructureonlystoresvoxelsthatarechangingbetweentime-stepsor duringtransfer
functionupdates.It allowsef�cient updatesof datanecessaryfor renderingduringa sequenceof queriescommon
during dataexploration andvisualization.Thetableis usedto updatethevaluesheldin memorysothat ef�cient
visualizationis supportedwhile guaranteeingthat thescalar �eld visualizedis within a givenerror toleranceof
thescalar�eld sampled.Our datastructureallowsupdatesof time-stepsin theorderof tensof framespersecond
for volumesof sizesof 4.5GB,enablingreal-timetime-sliders.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.6 [ComputerGraphics]:Graphicsdatastructures
anddatatypes- E.1[Data]:DataStructures

Keywords: time-varyingdata,volumerendering

1. Intr oduction

As computingpowerandscanningprecisionincrease,scien-
ti�c applicationsgeneratetime-varyingvolumetricdatawith
thousandsof time stepsandbillions of voxels, challenging
our ability to explore andvisualizeinteractively. Although
eachtime stepcangenerallyberenderedef�ciently , render-
ing multiple time stepsrequiresef�cient datatransferfrom
diskstorageto mainmemoryto graphicshardware.

Weusethetemporalcoherenceof sequentialtimeframes,
thespatialdistributionof datavalues,andthehistogramdis-
tributionof thedatafor ef�cient visualization.Temporalco-
herence[SH99] isusedtopreventloadingunchangedsample
values,spatialdistribution[WG92] to preserverenderinglo-
cality betweenimages,andhistogramdistribution to update
for incrementalupdatesduringdataclassi�cation.

Of these,temporalcoherenceandhistogramdistribution
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are encodedin a differential table computedin a prepro-
cessingstep.This differentialtableis usedduringvisualiza-
tion to minimizetheamountof datathatneedsto beloaded
from disk betweenany two successive images.Spatialdis-
tribution is then usedto acceleraterenderingby retaining
unchangedgeometric,topologicalandcombinatorialinfor-
mation betweensuccessive imagesrendered,basedon the
differentialinformationloadedfrom disk.

Thecontributionsof thispaperareto identify andanalyze
statisticalcharacteristicsof largescienti�c datasetsthatper-
mit ef�cient error-boundedvisualization.We unify the sta-
tisticalcoherenceof thedatawith theknown spatialandtem-
poralcoherenceof thedatain asingledifferentialtableused
for updatingamemory-residentversionof thedata.

We de�ne coherenceand distribution more formally in
Section2, review relatedwork in Section3 andsupportour
de�nition of coherenceanddistribution in Section4 with a
casestudy. In Section5 we show how to exploit datachar-
acteristicsto build a binneddatastructurerepresentingthe
temporalcoherenceand spatialand histogramdistribution
of thedata,andhow to usethis structureto accelerateinter-
activeexplorationof suchdata.Wethenpresentsomeresults
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in Section6 andsomeconclusionsin Section7, followedby
commentsonpossiblefuturework in Section7.

2. Data Characteristics

In orderto discussbothpreviouswork andourown contribu-
tions,westartby de�ning ourassumedinputandthestatisti-
calpropertiesof thedatathatwewill exploit for accelerated
visualization:wewill supporttheseassertionsempiricallyin
ourcasestudyin Section4.

Formally, a time-varying scalar �eld is a function f :
Â 4 ! Â . Suchdatais oftensampledf at �x edlocationsV =
f v1; : : : ;vng and�x ed timesT = f t1; : : : ; tt g. Sincewe ex-
ploit this samplingregularity to acceleratevisualization,we
assumethatour datais of theform F = f (v;t; f (v;t)) 8 v 2
V;t 2 Tg, whereeachtriple (v;t; f (v;t)) is asample.

Previousresearchersreport[OM01] thatonlyasmallfrac-
tion of F is neededfor any givenimagegeneratedduringvi-
sualization.Thus,any imagecanbethoughtof astheresult
of visualizingasubsetof F de�ned by aqueryq.

More formally, given F and a condition q at time t
(e.g. a transferfunction), �nd the set F jq of all samples
(v;t; f (v;t)) for which q is true(e.g.theopacityof f (v;t) is
non-zero).Thus,F jq is thesetof samplesneededto render
q, calledtheactivesetof q.

To constructaqueryq for isosurfaceextractionatisovalue
h, F jq consistsof all samplesbelongingto cellswhoseiso-
valuesspanh. For volumerendering,we basetransferfunc-
tions on the isovalue,as shown in Figure 4: the active set
thereforehasa rangeof isovalues.

We now restateour observation: we expect kF jqk �
kF k. Moreover, F jq is rarelyrandom,nor is it evenly dis-
tributedthroughoutthedataset.Instead,F jq tendsto con-
sistof largecontiguousblocksof samples,dueto theconti-
nuity of thephysicalsystemunderlyingthedata,andthein-
herentorganizationof mostphysicalsystemsbeingstudied.
Weexploit bothcharacteristicsto acceleratevisualization.

We also exploit the fact that human exploration of
datausually involvescontinuous(i.e. gradual)variationof
queries.Formally, we are interested,not in a single query
q, but in a sequenceq1; : : : ;qk of closely-relatedqueries,
with occasionalabrupt changesto a new query sequence
q0

1; : : : ;q0
m. Weexpectthattheactivesetsfor any two sequen-

tial querieswill benearlyidentical,i.e. thatF jqi+ 1 � F jqi .

In particular, we exploit coherenceanddistribution. Let
us denote two sampless1 = (v1; t1; f (v1; t1)) and s2 =
(v2; t2; f (v2; t2)) , andchoosesmallvaluesd; l > 0.

Spatial coherenceis coherencewith respectto the spa-
tial dimensionsx;y;z of the domainof f , and is basedon
the spatialcontinuity of the physical system.Small spatial
changesimply smallfunctionalchanges,i.e. if jv1 � v2j < d
andt1 = t2, thenj f1 � f2j < l for small l .

Temporal coherence is coherencewith respectto the
timedimensiont of thedomainof f andis basedonthetem-
poralcontinuityof thephysicalsystem.Hence,if jt1 � t2j <
d andv1 = v2, thenj f1 � f2j < l for small l .

Given two sequentialqueriesqi ;qi+ 1 which differ only
slightly in spaceor time, F jqi and F jqi+ 1 will therefore
overlapsigni�cantly. We exploit this to acceleratethe task
of updatingthe active set for renderingpurposes,focusing
principallyon temporalexploration.Wealsoexploit statisti-
calpropertiesof thedatasetsin question,whichwedescribe
in termsof datadistribution:

Histogram distrib ution is apropertyof thefunctionaldi-
mension(i.e. therangeof f ) anddependslargelyonthedata
beingstudied.However, it is usuallytruethatextractedfea-
turesarechosenatvalueswheretherangeof f variesgreatly:
thusweexpect f to befairly well distributed,althoughsam-
pling mayaffect this.

Spatial distrib ution is a large scaleform of spatialco-
herence,and is based(again) on the physical phenomena
scientistsandengineersstudy. Although datais commonly
generatedover large domains,it is often true that nothing
interestinghappensin mostof the domain.As a result,the
active setsfor queriesmadeby the userareoften clustered
in asubsetof thespace.

Histogramdistribution is crucial where two sequential
queriesqi andqi+ 1 differ only slightly in the functionaldi-
mension.For well-distributeddatavalues,we expectF jqi
and F jqi+ 1 to be substantiallyidentical: i.e. that we can
changetransferfunctionsmorerapidly by loadingonly the
new datavaluesrequired.Moreover, thespatialdistribution
of thedataallowsusto havespatiallysparsedatastructures.

3. RelatedWork

Thedif�culty of renderinglargedatasetsis well-recognized
in the literature,with successive solutionsaddressingpro-
gressively largerdatasetsby exploiting variousdatacharac-
teristics.Broadlyspeaking,however, thesolutionsproposed
have dealtwith isosurfaceextractionandvolumerendering
asseparatetopics,whereasour solutionis applicableto ei-
therwith suitablemodi�cations.

Modern isosurface extraction and volume rendering
methodsare basedon the recognition that the problem
is decomposableinto smaller sub-problems.Lorenson&
Cline [LC87] recognizedthis and decomposedthe extrac-
tion of anisosurfaceoveranentiredatasetby extractingthe
surfacefor eachcell in acubicmeshindependently.

Almost simultaneously, Wyvill, McPheeters &
Wyvill [WMW86] exploited spatial coherencefor ef�-
cient isosurface extraction in their continuation method.
Spatial coherencehas also been exploited for volume
rendering[WTTL96].
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Other researchers[CMM� 97, Gal91, LSJ96, WG92] ex-
ploit spatialdistribution for ef�cient extractionof isosurface
active sets.In particular, Wilhelms & van Gelder[WG92]
introducedtheBranch-On-NeedOctree(BONO), aspaceef-
�cient variationof the traditionaloctree.Octrees,however
do not alwaysrepresentthe spatialdistribution of the data,
andareinapplicableto irregularor unstructuredgrids.

Livnatet al. [LSJ96] introducedthenotionof spanspace
- plotting the isovaluesspannedby eachcell and building
a searchstructureto �nd only cells that spana desirediso-
value.Sincethis representsthe rangeof isovaluesin a cell
by a single entry in a datastructure,it exploits histogram
distribution. Histogramdistribution hasalsobeenexploited
to acceleraterenderingfor isosurfaces[CVCK03] by com-
putingactivesetchangeswith respectto isovalue.

Chianget al. [CSS98] clusteredcells in irregularmeshes
into meta-cellsof roughlyequalnumbersof cells,thenbuilt
an I/O- ef�cient spanspacesearchstructureon thesemeta
cells,againexploiting histogramdistribution.

For time-varying data,it is impossibleto load an entire
data set plus searchstructuresinto main memory, so re-
searchershave reducedthe impact of slow disk accessby
building memory-residentsearchstructuresandloadingdata
from diskasneeded.

Sutton& Hansen[SH99] extendedbranch-on-needoc-
treesto time-varying datawith Temporal Branch-on-Need
Octrees(T-BON), using spatialand temporalcoherenceto
accessonly thoseportionsof searchstructureanddatawhich
arenecessaryto updatetheactiveset.

Similarly, Shen[She98] noted that separatespanspace
structuresfor eachtime-stepareinef�cient, andproposeda
Temporal Hierarchical Index (THI) Treeto suppresssearch
structureredundancy betweentime-steps,exploiting both
histogramdistributionandtemporalcoherence.

Reinhardet al. [RHP02] binnedsamplesby isovaluefor
eachtime step,loadingonly thosebinsrequiredfor a given
query: this form of binning exploits histogramdistribution
but not temporalcoherence.

For volumerendering,Shen& Johnson[SJ94] introduced
Differential VolumeRendering, in which they precomputed
the voxels that changedbetweenadjacenttime-steps,and
loadedonly thosevoxels that changed,principally exploit-
ing temporalcoherence.

Shen[SCM99] extendedDifferentialVolumeRendering
with Time-SpacePartitioning (TSP) Trees, which exploit
bothspatialdistributionandtemporalcoherencewith anoc-
treerepresentationof thevolume.Binary treesstorespatial
andtemporalvariationsfor eachsub-block,andthis infor-
mation is usedfor early terminationof a ray-tracingalgo-
rithm, basedon a visualerrormetric.Shenalsocachedim-
agesfor eachsub-blockin caselittle or no changeoccurred
betweenframes.Ma& Shen[MS00] furtherextendedthisby

quantizingthe isovaluesof the input dataandstoringthem
in octreesbeforecomputingdifferentials.

Finally, SohnandBajaj[SBS02] usewaveletstocompress
time-varying datato a desirederror bound,exploiting tem-
poralcoherenceaswell asspatialandhistogramdistribution.

Our contribution in this paperis to unify temporalcoher-
encein theform of differentialvisualizationwith statistical
distributionsin theform of isovaluebinning.

Before introducing our data structures,however, we
demonstratethe validity of coherenceanddistribution with
somecasestudies.

4. CaseStudies:Data Characteristicsof Isabel&
Turbulence

As notedin the previous sections,our approachto acceler-
atingvisualizationdependson mathematical,statisticaland
physical propertiesof the databeing studied.Before pro-
gressingfurther, it is thereforenecessaryto demonstratethat
thesepropertiesare the case.We do so by meansof case
studiesof threedifferentdatasets.

The �rst andlargestdatasetis theHurricaneIsabeldata
set provided by the National Centerfor AtmosphericRe-
search(NCAR) for theIEEEVisualizationContest2004and
has48 timestepsof dimension500x500x100.It contains13
different �oating point scalarvariablesof which we study
thetemperatureandpressure.We have alsostudiedtheTur-
bulent Jets(jets) and Turbulent Vortex Flow (vortex) data
setsprovidedby

D. Silver at RutgersUniversityandR. Wilson at Univer-
sity of Iowa to

Kwan-LiuMa atUniversityof California,Davis. Thejets
datacontains150 time stepsof 104x129x129�oats, while
thevortex datacontains100timestepsof 1283 �oating point
scalars.

4.1. Temporal Coherence

We demonstratetemporalcoherenceby computingthe dif-
ferencebetweenadjacenttime steps,andgraphingthe per-
centageof differencesthatexceedanerrorboundexpressed
asa percentageof theoverall datarange.As we seein Fig-
ure 1(a), at an error boundof 0%, all of the voxels differ
from onetime stepto the next. This may be dueto numer-
ical inaccuraciesin the �oating point data.It thereforefol-
lows that100%of thesampleswill needto be replacedfor
thememory-residentversionof thedatato beaccurate.

However, as we seefrom the secondline on the graph,
between40% and60% of the samplesdiffer by morethan
0.3%.Thus,for a 0.3%error in the isovaluesdisplayed,we
cansave asmuchas60%of the loadtime betweenqueries.
As theerrorboundis increasedfurther, thenumberof sam-
ples to be loadeddecreasesfurther: at 1% error, between
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(a) Isabel- temperature
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(b) Isabel- pressure
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(c) TurbulentJets
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(d) TurbulentVortex Flow

Figure 1: Temporal Coherence: Number of samples
that change by more than an error bound of l =
0%;0:3%;1%;3% for the temperature andpressure scalars
of theIsabeldatasetaswell asthejetsandvortex datasets.

80% and90% of the samplesneednot be reloaded,while
at3%error, over95%of thesamplesneednotbereloaded.

Similar effects can be seenfor pressurein Isabel (Fig-
ure 1(b)) andfor the jets andvortex datasets(Figure 1(c)
& (d)). In Figure 1(d), we believe that the sharpperiodic
dips indicatethat certaintime stepswereinadvertentlydu-
plicated.This aside,theoverall conclusionis that relatively
smallerrorboundspermitusto avoid loadinglargenumbers
of samplesastimechanges.

4.2. Histogram Distrib ution

In thelastsection,we saw thatthestatisticsof temporalco-
herencepermitef�cient differentialvisualizationfor agiven
error bound.It is natural to ask whethersimilar statistics
aretruefor smallchangesin isovaluesde�ning a query. We
show in Figure2 thatthis is trueby examiningthehistogram
distribution for eachdataset.

For this �gure, we setour error boundto 1% andcom-
putedthe size of the active set for individual dataranges
(bins) andfor differenttimes,andalsothe numberof sam-
pleswhosevalueschangedin the temporaldimension.For
example,we seein Figure2(a) that temperatureisosurfaces
in theIsabeldatasetneverhaveactive setsof morethan5%
of the size of a single slice, and that lessthan half of the
active set typically requiresreplacementbetweenonetime
stepandthenext. For pressure,althoughnearly25%of the
samplesarein theactivesetin theworstcase,thesesamples
changelittle betweentimesteps,indicatingthat thephysical
phenomenonmarkedby thispressurefeaturedoesnotmove
muchin spacebetweentimesteps.

In thejetsdataset(Figure2(c)), theworst-casebehaviour

is exhibited: at an isovalue of roughly 80% of the range,
nearly100%of the samplesarein the active set.Although
this hasimplicationsfor the actualrenderingstep,we see
that this setchangeslittle with respectto time. However, as
it turnsout,thesedatavaluesconstitutemostof the“air” sur-
roundingthe �o w understudyandarelikely to be ignored
duringdataexploration.

In thevortex dataset(Figure2(d)), weseeagain thatdata
bins involve relatively few samples,andthat thesesamples
havea largedegreeof temporalcoherence.

4.3. Spatial Distrib ution

Unlike histogramdistribution, spatialdistribution is harder
to test, as it is bestmeasuredin termsof the spatialdata
structureusedto storethe data.We thereforedeferconsid-
erationof spatialdistribution to thediscussionof Table1 in
Section5.

5. Differ ential Time Histogram Table

In the previous section,we demonstratedthat temporalco-
herenceandhistogramdistribution offer the opportunityto
reduceload times drasticallywhen visualizing large time-
varying data sets.To achieve the hypothesizedreduction
in load-timewe introducea new datastructurecalled the
Differential Time Histogram Table (DTHT) along with an
ef�cient algorithm for performing regular and differential
queriesin orderto visualizethedataset.

To exploit temporalcoherenceandhistogramdistribution,
we applydifferentialvisualizationin thetemporaldirection
andbinning in the isovaluedirection.Sincewe expectuser
exploration of the datato consistmostly of gradualvaria-
tionsin queries,weprecomputethedifferencesbetweensuc-
cessivequeries.Wemodify temporalcoherenceby including
in the differentialsetonly thosesamplesfor which the er-
ror exceedsa chosenbound,furtherreducingthenumberof
samplesto beloadedateachtimestep.

5.1. Computing the DTHT

Our DTHT, shown in Figure 3 storessamplesin a two-
dimensionalarrayof binsde�nedby isovaluerangeandtime
step.In eachbin, westoretheactive set(a),andasetof dif-
ferences(arrows)betweentheactivesetsof adjacentbins.

For a givendatasetwith t time steps,we createa DTHT
with t bins in the temporaldirectionandb bins in the iso-
valuedirection.Largevaluesof b will increasethesizeof the
table,but decreasethe rangeof valuesin eachbin, making
active setqueriesmoreef�cient for onebin, but not neces-
sarily fasterfor aquerycoveringa largerangeof bins.Also,
largenumbersof binswill resultin morestorageoverhead.

Wechooseanumberb anddividetheisovaluerangeinto b
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(a) Isabel- temperature

(b) Isabel- pressure

(c) TurbulentJets

(d) TurbulentVortex Flow

Figure 2: Temporal Coherence+ Histogram distribution:
Numberof samplesthatchangebymorethananerror bound
of l = 1% for the temperature and pressure scalars of the
Isabeldatasetaswell asthejetsandvortex datasets.Each
datasetis dividedup into 100iso-valuebins.
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Figure 3: TheDifferential Time Histogram Table (DTHT).
Each bin holds the activeset (a) and differentialsbetween
the bin and adjacentbins (arrows).Componentsnot used
for our experimentsareshownin a lighter shade.

bins.Wealsochoosel , theamountof errorwewill tolerate
in isovaluesfor asinglesampleover time.

We computetheDTHT by loadingthe�rst time stepinto
memoryandbinning thesamples.We thenload thesecond
time stepinto memoryalongsidethe �rst andcomputethe
differencebetweenthe two time steps.Any samplewhose
differenceexceedstheerrorboundis addedto thedifferen-
tial set in the time direction.Any samplewhosedifference
doesnotexceedtheerrorboundis modi�ed sothatthevalue
in the secondtime stepis identical to the valuein the �rst
timestep:thisensuresthat,over time,errorsdonotaccumu-
latebeyondourchosenbound.

At the sametime, differentialsarecomputedin the iso-
valuedirectionif thesearedesired.In our experiments,we
havechosento renderusingsplatting:in thiscaseeachsam-
ple belongsto only onebin andthe active setsin adjacent
binsaredisjoint. It follows thattheisovaluedifferentialsare
equalto theactive sets,andcanbeomittedaccordingly, we
show themin a lightershadein Figure3. In casewewantto
adaptthedatastructureto supportextractionof isosurfaces,
eachvoxel maybelongto a rangeof isovaluebinsdepend-
ing on the valuesof its neighbors;thereforethe bins will
haveoverlapandit wouldbereasonableto havedifferentials
betweenneighborbinsto avoid redundancy.

The�rst timestepis thendiscarded,andthenext timestep
is loadedandcomparedto thesecondtimestep.Thisprocess
continuesuntil theentiredatasethasbeenprocessed.

For eachsample,westorelocation,isovalue,andnormal-
ized gradientvectorat a leaf nodeof a branch-on-needoc-
tree.At all times,thecurrentactivesetis storedin abranch-
on-needoctree,asaretheactivesetsandthedifferentialsfor
eachbin.Samplesareaddedor removedfrom thecurrentac-
tiveoctreeby tandemtraversalwith theoctreesfor thebins.

Insteadof singlesamples,however, westoreentirebricks
of data(typically 32� 32� 32) at octreeleaves,either in
linked lists (if no morethan60% is active) or in arrays(if
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Structur e List Octree Octree
All ActiveSets 1stActiveSet

l GB %age GB %age GB %age

Isabel - temperature
0.0% 34.6 737% 27.7 591% 18.5 394%
0.3% 22.4 477% 17.9 382% 8.7 186%
1.0% 15.0 320% 12.0 256% 2.8 60%
3.0% 12.2 260% 9.8 209% 0.59 12%
Isabel - pressure
0.0% 34.6 737% 27.7 590% 18.5 394%
0.3% 17.6 371% 14.1 301% 4.9 104%
1.0% 13.8 294% 11.1 237% 1.9 40%
3.0% 12.4 264% 9.9 211% 0.72 15%
Turbulent Jets
0.0% 7.4 673% 5.0 455% 3.4 330%
0.3% 3.4 310% 2.4 216% 0.71 70%
1.0% 2.8 255% 1.9 173% 0.20 20%
3.0% 2.6 236% 1.8 164% 0.06 6%
Turbulent Vortex Flow
0.0% 4.6 731% 3.7 588% 2.5 394%
0.3% 4.0 636% 3.2 509% 2.0 320%
1.0% 3.5 556% 2.8 445% 1.6 252%
3.0% 2.6 413% 2.1 334% 0.93 150%

Table 1: Size(in GB and percent of original data set) of
DTHT usinglists andoctreeswith all or only the�r st active
setstored.

morethan60%is active). We save spaceby storingsample
locationsrelative to theoctreecell insteadof absolutely, re-
quiring fewerbitsof precision.

Moreover, octreesare memorycoherent,so updatesare
more ef�cient than linear lists, althoughat the expenseof
a larger memoryfootprint, as shown in Table 1. We note,
however, thatthememoryfootprintisprincipallydetermined
by thesizeof theoctreesfor theactivesets.

Furtherreductionsin storagearepossibledependingon
the natureof the queriesto be executed.We assumethat
abruptqueriesare few andfar between,anddispensewith
storingactive setsexplicitly exceptfor the�rst time step.If
anabruptqueryis madeattimet, wecanconstructtheactive
setby startingwith thecorrespondingactivesetattime0 and
applyingall differentialsetsup to time t. Doing so reduces
theamountof storagerequiredevenfurther, asshown in the
third columnof Table1. As with the isovaluedifferentials,
we indicatethis in Figure3 by displayingtheunusedactive
setsin a lightershade.Wecanalsostoreactivesetsin asub-
set of a priorily chosenkeyframesso that we always start
from the nearestkeyframeinsteadof startingfrom the �rst
frame.Anotherwayof reducingthestorageis to remove the
active setsanddifferentialsfor the non-interestingisovalue
ranges(e.g.theemptyspaces)whichcanhaveahugeimpact
dependingon thenatureof thedataset.

5.2. Queriesin the DTHT

For any query, we �rst classifythequeryasgradual(asmall
change)or abrupt(a largechange):asnotedin Section2, we
expectthenatureof userinteractionwith thedatawill cause
mostqueriesto begradualin natureratherthanabrupt.

We choseto implementvolume renderingusing point-
basedsplatting,in whichtheactivesetconsistsonly of those
samplesfor which the opacity is non-zero.This active set
may spanmultiple DTHT cells, as shown in Figure 4, in
which casewe use the union of the active sets for each
DTHT cell. It is alsopossibleto useothervolumerender-
ing methodsaslongasthey alow runtimeupdateof thedata.
For instance,hardwaretextureslicingwouldbesuitableonly
if the hardwareallows texture updateswithout requiringto
loadthewholetexturefor eachupdate.

Abrupt queriesarehandledby discardingtheexisting ac-
tive setandreloadingtheactive setfrom thecorresponding
bin or binson disk.Becausethedatawasbinned,theactive
setis over-estimatedfor any giventransferfunction.Thisis a
conservativeover-estimatewhich includesthedesiredactive
set,but is sensitive to thesizeof thebin. Too few binsleads
to largenumbersof discardsfor aparticularquery, while too
many binsleadsto overheadin datastructuresandoverhead
in mergingoctrees.
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Figure4: ActiveDTHTCellsFor aGivenTransferFunction.

Gradualqueriesin the temporaldirectionedit the active
setusingdifferentialsfor eachbin spannedby the transfer
function.Sinceforwardsandbackwardsdifferentialsarein-
verse,we only storeon eacharrow the setof samplesthat
needsto beaddedin thatdirection.Thesetof samplesthat
needsto beremovedis thenthesetof samplesstoredon the
opposite-directionarrow betweenthesametwo bins.

Gradualqueriesin theisovaluedirectiondiscardall sam-
plesin a bin whenthetransferfunctionno longerspansthat
bin, andaddall samplesin a bin whenthetransferfunction
�rst spansthatbin. It shouldbenotedthatrandomaccessto
voxelsin ouroctreebaseddatastructureis notef�cient since
it requirestopdown traversingof all octreesfor to accessthe
voxel. Hence,visualizingmultimodaldatawould begener-
ally dif�cult. Wehaveaddressedthatin our futurework.

For fasterrendering,partial imagesfor eachbaselevel
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block in the currentactive octreearestored,as in the TSP
tree[SCM99]. Sincewe updatebaselevel blocksin theoc-
tree only when changesexceedthe l -bound,thesepartial
imagesoftensurvive two or moretimesteps.

6. Resultsand Discussion

We implementedour differential temporal histogramta-
ble algorithm and visualizeddifferent scalartime-varying
datasetsintroducedin Section4, usinga3.06GHzIntelXeon
processor, 2GB of main memory and an nVidia AGP 8x
GeForce6800graphicscard,with datastoredona �leserver
ona100Mb/sLocalAreaNetwork.

In our experimentswe used b = 100 isovalue bins,
set the base-level brick size in the octreesto 32x32x32,
and tested four different values for error bounds (l =
0%;0:3%;1:0%;3:0%).

In our �rst experimentwecontrolledthenumberof active
voxels by changingthe transferfunction width (the range
of non-transparentdatavalues).Startingwith a 0% width
transferfunction covering no bins, we increasedthe width
until all datavalueswereclassi�ed asnon-transparentand
all bins were loaded.The top threerows of the �gures in
the color plate show representative imagesunderthis sce-
nario. In Figure5, we comparethe performanceof DTHT
active setsalonewith theperformanceof DTHT active and
differentialsets,renderingeachdatasetwith anerrorbound
of l = 1:0% andtransferfunctionsof varying widths.The
performanceis principally drivenby thewidth of the trans-
fer function, and it is clear that a signi�cant speedgain in
loadingthedatacanbeachievedwith thedifferentialsets.
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(d) TurbulentVortex Flow

Figure 5: l = 1:0% Renderingand data loading perfor-
mancefor DTHT usingactiveanddifferential �les. There-
portedtimesareaveragedovermultipletimesteps.

Wenext investigatedtheperformanceof ouralgorithmfor
differentisovalueranges,collectingthesamemeasurements

asbeforefor constantwidth (10%) transferfunctionswith
differentplacements.The bottomthreerows of the �gures
in thecolorplateshow representative imagesunderthissce-
nario.The resultsfor l = 1:0% anddifferentdatasetsare
shown in Figure6.
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(c) TurbulentJet
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(d) TurbulentVortex Flow

Figure6: l = 1:0%Performancefor DTHTusingactiveand
differential �les, showingalsotheratio of activevoxelsto all
voxels(in yellow).A transferfunctionspanning10%of the
datarangewasusedwith differentcentrepoints.Resultsare
averagedoverseveral timesteps.

To simplify comparison,we calculatedthe ratio between
thedifferentialDTHT updatesanddirectDTHT updatesfor
both setsof experiments.Sincethe goal of this paperwas
to improve the loading times,we excludedrenderingtime
from our �gures. The goal was to investigate the casesin
whichupdatingtheoctreeusingdifferential�les werefaster
thanstraightforwardloadingof theactive �les. Figure7 and
Figure8 show theratio betweentheperformanceof thetwo
methods,respectively for different width transferfunction
andconstantwidth transferfunction.

In a third experimentwe investigatedperformancefor a
�x ed time but varying transferfunction. Comparedto the
brute-forcemethod,where all of the data is loaded,our
methodtakesadvantageof therenderingparametersto load
only the voxels participatingin the �nal rendering.Chang-
ing the transferfunctioncausednew bins to beaddedto or
removedfrom thedataset.Theresultsareshown in Figure9.

Loadingtime of DTHT methodsdependsgreatlyon the
amountof active voxels.In bothexperiments,whena small
numberof voxelsareactive,loadingtheoctreedirectly from
theactive �les is comparatively fasterthanusingthediffer-
ential �les. It is mainly becauseof the fact that loadingthe
octreedirectly from the active_voxels �les, requiresgoing
throughtheoctreeonly oncepereachbin,while in thediffer-
entialmethod,it will betwice pereachbin; onceto remove
theinvalid voxels,usingvoxels_to_remove �les andthento
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(d) TurbulentVortex Flow

Figure 7: Ratio betweenDTHT differential updatingtime
andDTHTdirectloadingtimefor differenterror bounds,for
differenttransferfunctionwidths.
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(d) TurbulentVortex Flow

Figure 8: Ratio betweenDTHT differential updatingtime
andDTHTdirectloadingtimefor differenterror boundsand
differentplacementsof a transferfunctionof constantwidth
(10%).

addthenew voxelsusingvoxels_to_add�les. Hence,mem-
ory accesstime andoctreeprocessingtime overcomesthe
�les transactiontime whensmall amountsof dataareread
from theharddrive.

As thenumberof active voxelsincreases,moredataneed
to be loaded/updatedfrom the externalstorage.Hence,the
memory-storagetransactionsbecomethe bottleneck.Since
therearerelatively few datain thedifferential�les, theper-
formanceof updatingthe octreeusingthe differential �les
becomesbetterthanthedirectloading.However, theratioof
this performancehighly dependson thetemporalcoherence
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Figure 9: Loading time of incrementaltransfer function
changes.

of thedataset.For examplesincetheTurbulentVortex Flow
datasetisn't astemporallycoherentastheotherthreedata
sets,evenwith a1.0%errorbound,thedifferentialupdating
is slower thanthe direct loadingandthat's simply because
the numberof voxels_to_add+ voxels_to_remove is larger
thantheactualamountof active_voxels.

Noisein thediagramsaremainly dueto loadingthedata
througha local areanetwork connectionwhich is fast,but
doesnot alwaysprovide a constantdatarate.Therearealso
large variationsin somepartsof Figure 7 andFigure8. It
canbeseenthatthenoiseis mostlyin thepartsin whichnot
many voxels areactive. This is becauseof the fact that, as
the loadingtimesbecomesmaller, they becomemoreerror
proneto beaffectedby slightestactivities in thehardwareor
theoperatingsystem.

7. Conclusionand futur ework

Ef�cient explorationandvisualizationof largetime-varying
datasetsisstill oneof thechallengingproblemsin theareaof
scienti�c visualization.In this paperwe studiedthe tempo-
ral coherenceof sequentialtimesandhistogramandspatial
distribution of datain time-varying datasetsandproposed
a new datastructurecalleddifferentialtime histogramtable
(DTHT) to take advantageof thesecharacteristicsto ef�-
ciently loadandrendertime-varyingdatasets.

In a preprocessingstep,we encodethe temporalcoher-
enceand histogramdistribution of the data in the DTHT
datastructure.Later, during the visualizationstep,we use
this differential information to accelerateupdatingdataby
minimizing the amountof datathat needsto be transfered
from disk into main memory. To storethe datain external
storageandto keeptheactive datain mainmemory, we use
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an octreedatastructurewhich acceleratesloadingandpro-
cessingdataby exploiting spatialdistribution.

Thework presentedin this paperwasmainly focusedon
analyzingthestatisticalcharacteristicsof largedatasetsto re-
ducingthedatatransferbetweenmemoryandexternalstor-
ageduringthevisualizationprocess.Weareplanningto fur-
therimproveperformancebyapplyingcompressionschemes
for the datain leaf nodesand addingmulti-level informa-
tion to the sub-levels of the datastructureto enablemulti-
resolutionrenderings.

Currently the renderingtime is dominatingthe overall
time to producean image.This is due to the fact, that the
renderingalgorithmhasnotbeenoptimizedat thispoint.We
plan to take advantageof the octreedatastructurefor hier-
archicalrenderingof our datain our next implementation.
Imagecaching,occlusionculling andparallelrenderingwill
furtherdrasticallyimprove therenderingperformance.

Our future work includesapplyingpropermodi�cations
to DTHT in order to enablethe extraction of isosurfaces
and to handlemulti-modal datasets,investigating methods
to changethe error bounds(l ) during run time basedon
theusercontrolandthetransferfuntionandmethodsto deal
with multi-dimensionaltransferfunctions.
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Figure10: RenderedImageswith representativetransferfunctions.Displayedaresixrowsof each dataset- (left to right) Isabel
temperature, Isabelpressure, Turbulent JetsandTurbulentVortex Flow. Thetop threerowsshowgrowing transferfunctions,
andthebottomthreerowsshowshiftingtransferfunctions,correspondingto our experimentsin thissection.
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